Abstract Microscopic travel demand models take the characteristics of every individual person of the modelled population into account for computing the travel demand for the modelled region. Car sharing is an old concept, but the combination of a car sharing fleet parked in a public space with smartphone services to find available cars nearby offers a new mobility service. It enables people to use a fleet operator's cars by providing individual mobility on demand. However, integrating this mobility option into microscopic travel demand models still is a difficult task due to a lack of data. This paper shows an integrated approach to model car sharing as a new mode for transport within a travel demand model using disaggregated car fleets with car-specific attributes. The necessary parameters for mode choice are estimated from various surveys and integrated into an existing multinominal logit model. The proposed work is used to simulate the travel demand of a synthetic population for the German capital of Berlin. A comparison with the survey results shows that the proposed integration of car sharing meets the real-world data. Furthermore, it is shown that the mode choice reacts well for access restrictions for specific car segments and local accessibility influencing the trip lengths.
Motivation
Classic 4-step transport models have been dominating the operational use for traffic simulation, measure assessment, and decision-making for a long time. But flow-orientated modelling has certain limits, such as hardly achievable consistencies of trip chains or taking into account shared resources like cars in the same household. These challenges resulted in the use of microscopic demand models that address transport as the sum of trips of individuals [1] . Microscopic approaches maintain personal attributes such as driving licenses and manage shared household resources such as the available cars for computing consistent daily activity patterns, where cars are returned home at the end of a tour.
Car sharing (CS) is not a new concept. Station-based car sharing where cars are picked up and returned at a fixed location has been known for decades. In free-floating car sharing, the car fleet is entered and left parking in a public space. The problem here used to be finding available cars nearby. Currently, smartphone and web technology have solved this issue, thus dramatically changing the usability of the car sharing concept enabling any subscriber to the service to use a car within a certain service area. As it is not necessary to return the car, it may be used for one-way trips, which allows a very flexible usage of the car.
In this paper, we focus on free-floating car sharing and its inclusion in microscopic travel demand models. Usually, the mode choice is implemented by a discrete choice model in microscopic travel demand models. The most common approach is a multinomial logit (MNL) model, which is usually estimated from survey data. Unfortunately, no sufficient data set for obtaining the car sharing MNL parameters by regression is known to the authors, yet. This work presents an approach where these missing factors are estimated after the MNL parameters of other transport modes have been calculated. The CS parameters are fitted to available empirical findings from different surveys. To evaluate the quality of the proposed mode choice model, the resulting mode share is compared to actual survey data. This leads to a mode choice model which successfully integrates car sharing into a microscopic travel demand model using a disaggregated car fleet.
The remainder is structured as follows. First, the travel demand model used for the research is described in BSection 2^including a detailed description of the used mode choice. BSection 3^describes how car sharing is integrated in the proposed model and which empirical base is used. In BSection 4^, the used simulation scenarios are explained. The results are given in BSection 5.^This document ends with a summary, given in BSection 6.2
Proposed model
This section presents the microscopic activity-based travel demand model called Travel Activity PAttern Simulation (TAPAS) [2, 3] . Figure 1 shows the general mode of operation of the simulation model which consists of four parts: population generation, activity generation, location choice, and mode choice. The result of a TAPAS simulation mainly consists of a day plan for each person contained in the simulated population. This day plan consists of activities, locations, used modes, and travel times. The final plan of each simulated person is checked for feasibility with respect to time and budget constraints. If the plan gets rejected, plan generation is repeated until an acceptable plan is found.
The population in TAPAS is generated by combining various statistical data. In this case, the well-known Iterative Proportional Fitting (IPF) approach [4, 5] was used to estimate joint distribution on household and person level for the 12 districts of Berlin. Afterwards, these distributions were used within the Iterative Proportional Updating (IPU) algorithm for calculating sample household weights. This weight-based procedure for stochastic drawing of household results in the generation of a synthetic population that closely matches the realworld distributions of socio-demographic attributes at household and person level [6] . Finally, the households are spatially distributed over the study area based on population density per block building. Each person within the synthetic population includes socio-demographic characteristics such as age, gender, employment status, mobility budget, public transport ticket, driving license, and bike ownership. The associated households' attributes comprise the number of members, a specific total income, and an available number of cars. The resulting population is stored in a database and can be used for simulating different scenarios.
The car ownership is modelled by assigning an externally specified fleet, which consists of the number of vehicles per size, value, and fuel type. Each household has an affinity to own up to two cars based on household size, income, and number of driving licenses. The car affinity was derived from data of the SrV 2008 [7] , one of the large National Household Travel Surveys (NHTS) in Germany. Shares are expressed by a probability vector for having zero, one, or two cars.
TAPAS computes the daily activity plan for each person by finding locations for each activity and determining the mode to get there. The individual persons are processed at the household level. All persons from a synthetic household are processed individually but are limited by the household constraints like car availability and mobility budget. Consequently, a car can only be used by different persons if no overlap in time occurs. The activities are derived from reported diaries from the MiD 2008 [8] . The activities are subdivided into education, work, shopping, private matters, leisure, and study. To increase the variance of possible day plans, persons and plans are grouped into several classes called person groups and activity scheme classes, respectively. Every person group has a probability vector for choosing one of the activity scheme classes. The probability to draw a specific plan from the scheme class is equally distributed [9] .
After selecting the day plan for each individual, the plan is subdivided into tours. Each tour starts and ends at home, enabling the person to choose from the whole set of available modes every time she or he returns home. An example of a plan containing two tours is shown in Fig. 2 , where the first tour ends at 6 p.m. and the second tour starts at 7 p.m. The activities on each tour are processed in a hierarchical way (see Fig. 2 ). Trips of high priority like work or education are processed first. Afterwards, activities of lesser priority are inserted into the trip chain by splitting existing trips from the previous step whereby limitations in choice of mode and location are taken into account. This is especially important for correctly modelling the usage of modes such as cars and bikes, where the transport vehicle has to be used during the entire trip and has to be returned to the home location. For each activity, possible destinations are selected based on available transport modes, mode-specific accessibility, remaining capacity, previous and following destinations, time budget, and an empirically determined search radius. The mode-specific accessibility takes vehicle restrictions into account. The access to restricted zones can be prohibited or penalized for certain modes or vehicle classes and hence those zones become less attractive for persons possessing restricted vehicles for location choice. Next, a specific mode is chosen, based on the availability of bikes and cars, a driving license, costs, travel times, local restrictions, a season ticket, age, trip purpose, and the distance to the destination. All these factors are taken into account by a multinomial model described in BSub-section 2.1.F inally, the total travel time and costs are compared to the original time and monthly mobility budget and unfeasible plans are rejected. In these cases, a new day plan is selected and the requirements are tested again.
The car fleet can be exchanged separately from the synthetic population. This makes delta analysis possible and specific effects of certain car fleet segments can be modelled. The cars have attributes for size, fuel type, costs per kilometer, maximum range, and restrictions that are specific to certain areas of the simulated region. Every car-owning household is equipped with unique instances of specific cars, enabling vehicle-specific cost calculation.
The model has been calibrated by adjusting the search radius of the location choice for each type of activity and its respective location to achieve a valid modal split. As reference data for modal split, the survey SrV 2008 and MiD 2008 for Berlin were taken. The results are shown in Table 1 . The validation shows very solid results with a slight overestimation of car passengers compared to the SrV. The MiD shows similar results, except that it reports a higher car and car passenger share than the SrV as well as TAPAS.
Mode choice
The MNL model for the mode choice calculates the utility for each mode. The probability of choosing mode i is defined by Equation 1. Multinomial logit
The cost function is defined by a constant plus the sum of different factors c and estimated weights β. The estimation of these parameters consists of two stages: First, identifying significant variables c for the mode choice; and second, estimating the weights β to fit the observed probability distribution P. These two stages are iterated to obtain a model which is sensitive to variations but also stable to insignificant deviations.
The selection of the significant variables strongly depends on the quality of the input data and the availability of input data in the modelled application. However, choosing too many variables reduces the variability of each one if the number of observations is insufficient. This could lead to overfitting the model. On the other hand, too few variables result in a model insensitive to changes. There are two kinds of factors: linear factors and binary ones. The linear factors depend on the current situation for the reported trip; and are travel time, costs, and age. The ordinal variable of available cars in the household can be treated as a linear factor, too. Furthermore, the number of interchanges on public transport (PT) rides was found significant, but only applies to PT trips. The interchanges are found to have exponential influence; thus, the number of interchanges for PT trips results to a factor c = e interchanges . The binary factors describe constant parameters, which can either be true or false in the current situation. If a certain condition is true, the according β is taken into account, otherwise it is not. Significant factors are the following: driving license, season ticket for PT, and trip purpose. The purpose is determined on a tour level, meaning if a work activity is part of the tour all trips have the attribute Bwork^enabled. This improves the quality of selecting a transport mode within trips that include different activities.
The travel time is split in a global factor applied to all modes and mode-specific modifiers to react to different perceptions of time in different modes. The travel time is composed of access, egress, and actual travel time on the net. PT has two additional terms for the initial waiting time and interchange waiting time, to model different frequencies in the PT network. The costs are modelled only for modes which have a measurable cost-for cars, this is the actual fuel costs per kilometer for each engine type. Since car passengers are modelled separately, they have to react to the costs as well. Otherwise, a rise in fuel prices would result in a modal shift from car drivers to car passengers until no one would drive a car by themselves anymore. PT costs are modelled according to the local pricing scheme or omitted if a season ticket was available for the reported trip.
The MNL is estimated using the software STATA12 on the reported mode choice for the trips of the SrV 2008. This survey contains 329,816 valid trips including most of the necessary input parameters and the chosen mode as target variable. However, actual trip lengths and the car costs were missing in the input. Since the trips are reported and georeferenced, the missing lengths were estimated by classic shortest path routing using the commercially available NavTeq digital car navigation network representation. The car costs were calculated on an average fuel-price of 10.6 eurocent/km.
The resulting factors including their significance can be found in Table 2 . The log likelihood is −50,758.671 while the log likelihood of the null-model is only −100,998.896. The likelihood ratio chi-square test for the 64 used parameters is 100,480.45 and the final Pseudo R 2 by McFadden is 0.4974.
Integration of car sharing
Car sharing (CS) combined with web and smartphone technology offers a service of picking up a rental car without any rental agent. There are two varieties of this service: stationbased CS where cars are picked up and returned, and a freefloating service where users can pick up a car wherever they find one and leave it at their destination within a specified service area. The price of the rental is charged per kilometer or minute and generally covers fuel costs and insurance. The observed prices are much higher than the average fuel costs of a private car but low compared to taxi fares. However, to use this mode one has to be registered with the service and must have possessed a driving license for a certain period, e.g., 2 years. Unfortunately, information and data published by service providers is insufficient for estimating a proper model for computing the probability of being a registered CS service user. Furthermore, many users tend to register with multiple services since the registration fee is very low, if there is any at all. Therefore, estimating proper membership figures is difficult. In the survey SrV 2013 [10] , a first glance of CS usage is presented. All persons were asked if they are registered at least with one CS service and CS was an option for mode choice. In 2013, 8.3% of the people that would be legally allowed to use CS where registered (see Table 3 ). However, only 49 out of 50,284 trips were realized using CS, resulting in a very low mode share of 0.1% (see Table 4 ). In 2013, CS was still emerging in the system; therefore, we weighted the reported trips in a way that resembles a situation where the registration rate of every person above the age of 20 with a driving license is 100%. The results are shown in Table 4 .
Unfortunately, the SrV 2013 was provided on a much coarser level of georeference (23 regions) than the predecessor SrV 2008 (195 regions), which made it impossible to calculate a fine resolution for travel time and costs based on distance. Therefore, the MNL was not estimated using the new data, but the older one from 2008.
Another issue is the structure of CS usage. A short survey conducted in partnership with CS providers [11] in 2013 and 2015 amongst persons who used a CS service at least once in the past year gave an insight into the age structure of CS users. The results are shown in Fig. 3 . The first survey was done via a questionnaire in the car. The second survey was performed via a website, it was sent to all registered users by e-mail. Due to the different polling procedures, the total number of answers differs a lot: the number of responses dropped from 850 in 2013 to 328 in 2015. The small number of observations explains the oscillating shape of the plot for 2015 in Fig. 3 . Despite this polling artefact, it becomes clear that in 2013 and 2015, it was mainly male persons and persons below the age of 45 who used CS. However, the gap between those groups of persons and the rest became smaller from 2013 to 2015. Due to the small number of reported CS trips, a full integration into the MNL was not possible. Therefore, we introduced CS with the same parameters as a car without variables that describe stated preferences like number of cars in the household and season ticket. The utility of the age for car trips did not reflect the usage of CS (see black line in Fig. 4) . We calculated the linear and quadratic age factors of the MNL cost function by standard three-point polynomial fitting. The three reference points were the respectively reported usage amounts of all persons aged 35, 45, and 55 derived from Fig. 3 for the year 2013. The result of this manual process can be seen in Fig. 4 . One sees the polynomial fitting creates a minimum at the age of 56.639 while this is not the case in Fig. 3 . This is not plausible and we had to fix this modelling flaw by limiting the maximum age to 57 in the simulation for the CS cost function. This fix is shown by the grey dotted line in Fig. 4 .
The mode-specific constant was chosen to fit the extrapolated mode share of CS shown in Table 4 . Currently, there is no valid model for CS membership available to the authors. Therefore, we assumed everyone is registered to such a service. The final MNL parameters for CS are shown in Table 2 .
Defining the simulated area and example measures
The model has been used to simulate the travel behavior of an average weekday for all modes of transport within a regional analysis area [12, 13] . In this example, the simulation covers the area of the city of Berlin, Germany, with 3.3 million inhabitants. The population, the car fleet, and the fuel prices have been parametrized to meet the values of the reference year 2010 of the official traffic forecast BVerkehrsprognose 2030^(VP2030) [14] . The population distribution is sampled from the official German micro-census data [15] and consists of 3.3 million persons living in 1.9 million households. The sample was fitted to meet the distribution of age, gender, status, household size, and income. The availability of driving licenses and season tickets is modelled based on gender, status, and age using data from the SrV 2008. The distribution of age, household size, income, and driving licenses of the resulting synthetic population are shown in Fig. 5 .
The car fleet is distributed based on income, household size, and driving license availability with a maximum of two cars per household, reflecting the share of less than 1% of households possessing more than two cars in Berlin. After all, 41% of the synthetic households have no car, 49% have one car, and 10% have two cars. Please note that the population density is not integrated in the distribution algorithm because of insufficient spatial resolution of the data. This leads to a slightly overestimated motorization rate in the inner city. The motorization rate and cars per km 2 can be seen in Fig. 6 . The car fleet is segregated into three engine classes: gasoline, diesel, and a combination of compressed natural gas (CNG) and liquefied petroleum gas (LPG) vehicles. The market share of other engine types was only marginal in Germany in 2010 and is therefore not accounted for. The average costs are shown in Table 5 and are calculated based on fuel prices, consumption, taxes, and distribution costs [16] . In 2010, the car sharing costs were 29 ct/min. To keep the price comparable, the average car speed in the study area of 28.3 km/h reported by the SrV 2008 is taken into account, resulting in a price per kilometer of 58ct. The distribution of engine types is based on the official registration statistics for 2010 [17] . The total number of cars is taken from the SrV 2008 and not from the official registration office, because the SrV 2013 reports that 20% of the cars owned by the population of Berlin are registered elsewhere and therefore the official numbers of registered vehicles do not represent the real number of cars used in Berlin. The numbers are shown in Table 6 .
Four scenarios are simulated for examining the effects of different car fleets:
1. The reference scenario for 2010 2. Enabled car sharing 3. An access restriction to the city center for diesel cars (see Fig. 7 ), no car sharing 4. Same as 3 but with car sharing The last two scenarios show the effects of using disaggregated vehicle fleets in conjunction with access restrictions and car sharing. Due to regulations to limit fine particulate matter, highly polluting cars have been banned in the inner city area since 2008. This could happen again for regulating NO x emissions for diesel engines and the scenarios three and four replicate variants of such a measure. Such a measure could also have a significant impact on the ownership of diesel cars in the city center. However, replacement of the car fleet is no subject of this work, so the car fleet remains unchanged. Again, scenario three lacks a car sharing offer while in the fourth scenario car sharing is enabled again to see if this mode choice compensates the restricted accessibility. However, this assumes that the CS fleet consists of unrestricted cars.
Results
In this section, the results from the simulation of the travel demand using the four scenarios are shown and discussed. First, we briefly discuss the overall model results. Second, the plausibility of the car sharing model compared to first survey data is discussed. Third, a carspecific analysis of the results is given, pointing out how car sharing affects individual car fleet segments in certain scenario cases. The overall scenario results for modal split, trip lengths per mode, and activity type are shown in Table 7 .
Comparing the modal splits of scenario 2 in Table 7 with the modal splits of Table 4 show that the modelled usage of CS meets quite well the extrapolated share of the SrV 2013. However, there was a noticeable shift from car and passenger trips to walk trips from SrV 2008 to SrV 2013, which was mainly caused by changed car ownership between these years. In scenario 3 the restricted area was activated. A strong shift from car trips to trips performed by bike and PT can be seen, while walking seems not to be an alternative due to the limited range. The last scenario shows the results for enabling car sharing in the city center. Only marginal changes, if any, could be observed.
Additionally, we analyzed the trips by car in more detail by calculating the fleet shares of all trips for each scenario. The trips where separated in destinations within the restricted city center and destinations outside it. The results are shown in Table 8 . In scenario 1, one sees that diesel and LPG/CNG cars are more frequently used compared to gasoline cars due to their lower prices. The fleet share is the same over the whole city area. The spatial distribution of the car trips can be seen in Fig. 8 . One sees the higher concentration in the city center but also the polycentric character of the study area with highly frequented destinations in the west, southeast, southwest, and northwest. The higher fleet share of CS within the city center in scenario 2 is mainly caused by the lower distances travelled to reach a destination. For longer trips outside the center, CS is less attractive due to its high costs. The spatial distribution of CS trips is shown in Fig. 9 . The trips concentrate in the core of the city center and fade out towards the outskirts, due to the longer distances between locations. Scenario 3 shows the expected effect that no diesel car enters the inner city. However, due to the restricted access a lot of trips outside the center are replaced by gasoline and LPG/CNG cars, especially if a household owns more than one car and has the option to choose. The spatial distribution of the change in trips is shown in Fig. 8 . There is a general decline across the whole city center except in some peripheral areas. In scenario 4, the share of CS trips is slightly higher than in scenario 2. But the growth comes mainly from a higher share of CS trips in the city center, where CS has become a true alternative for people owning diesel cars. In Fig. 9 , the change of CS trips between scenario 2 and 4 is shown. The change is not uniform but in general an increase of trips in the center can be seen. Comparing the differences between Fig. 8 and Fig. 9 , it becomes clear that CS behaves different than car trips because of to an increased usage in the city center. Hence, CS is an alternative for critical trips to the city center in cases where biking or PT could not provide an acceptable alternative.
Looking at the mode shares for households owning at least one gasoline or diesel car only, it is noticeable that diesel cars are used more often and on longer distances than gasoline ones (compare Table 9 scenarios 1 and 2). Comparing the second and fourth scenario reveals that especially households with diesel cars display an increase in CS trips, while the other households show no significant change in behavior between those two scenarios. 
Conclusion
The presented work shows a reasonable and-as far as available data can prove this-plausible integration of car sharing into a microscopic travel demand model and extends an existing MNL function by a new mode. The parameters for this function have been estimated using reasonable assumptions. We have shown that the proposed model behaves well and plausibly for various scenarios utilizing a disaggregated car fleet with car-specific measures. The integration into a disaggregated car fleet allows for the analysis of particular effects on different costs and access restrictions. Using a microscopic model produces findings for certain types of households and persons which would have been invisible in aggregate numbers. This work provides a valid answer to the question of how car sharing is used in complex traffic systems at the present time and for the near future. But three questions remain unanswered until sufficient empirical knowledge is gained: Who uses car sharing? How does car sharing influence car ownership and the purchase of season tickets? How is the future of car sharing progressing? The proposed work aspires to answer these questions but further research should be done to improve the empirical background for the simulation model.
